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Fig. 5. Results of the base-detail separation methods tested on an example image of the Fashionista dataset. Top: base; Bottom: detail. Last column (GT) is
the proposed ground-truth.

annotation of the annotators on each part. It is possible that
none of the possible results obtained by the polynomial model
are correct for the base layer. Thus, for an image, if the base
layer of even one part cannot be described by any of the
polynomial results, this image is rejected. In this way, we get a
subset of the images from the whole datasets of the Fashionista
and the Pascal Part UCLA, for which the base layer can be
described by some order of the polynomial model. In total, we
select about 1000 and 250 images in the Pascal Part UCLA
and the Fashionista datasets, respectively.

In our labeling, 15 annotators in total performed the labeling
separately. So, for each region of the images, we have 15
annotations. If 7 or more of the 15 annotations choose ‘outlier
region’, we will see this region as an outlier to be modeled by
the polynomial model and do not select the image of the object
into our final datasets. Otherwise, the order of the polynomial
for this region is voted by the 15 annotations. And the base
layer of the region is reconstructed by the polynomial model.

IV. EVALUATION

A. Ground-truth datasets

The ground-truth datasets that we use are subsets of images
from the Fashionista [18] and the Pascal Part UCLA datasets
[19], as described in Sec. III. For simplification, in this paper,
we still call the subset of images the Fashionista and the
Pascal Part UCLA datasets, respectively. See examples of both
datasets in Fig. 6.

B. Separation methods

The separation methods we use in the evaluation include
the adaptive manifold filter (AM) [8], the domain transform
filter (DT) [7], the L0 smooth filter (L0) [1], the rolling
guidance filter (RG) [9], the bilateral filter (BL) [10], the
guided filter (GD) [11], the Gaussian filter (GS). The Gaussian
filter is a linear filter, and the smoothing only considers the
distance between neighboring pixels. The other filters are
edge-preserving filters.

Fig. 6. Examples of the images in the Fashionista (the top two) and the Pascal
Part UCLA (the bottom two) base-detail datasets. From left to right: original
image, base and detail.

C. Error metric

A direct way for evaluation is to compute the mean squared
error (MSE) between ground-truth base-detail layers and esti-
mated base-detail layers. MSE is defined as:

MSE(J1, J2) =
1∑

i,c

1

∑
i,c

(J1(i, c) � J2(i, c))
2,
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TABLE I
PARAMETERS SETTINGS OF DIFFERENT FILTERS FOR THE FASHIONISTA

AND THE PASCAL PART UCLA DATASETS. LEFT: THE PARAMETERS
RANGE OF THE FILTERS. RIGHT: THE OPTIMAL PARAMETERS OF THE

METHODS FOR THE DATASETS.

Ranges of parameters θi Optimal (θ1, θ2)
Alg. θ1 θ2 Fashionista Pascal
AM 2,4,8,16,32,64 0.1,0.2,0.4,0.8,1,2 (8,0.8) (32,0.8)
DT 4,8,16,32,64,128 0.1,0.2,0.4,0.8,1,2 (16,2) (64,2)
L0 0.005,0.01,0.02,0.04,0.08,0.1,0.2,0.4,0.8,1 0.08 0.1
RG 2,4,8,16 0.04,0.08,0.1,0.2,0.4 (8,0.1) (16,0.2)
BL 2,4,8,16,32,64 0.1,0.2,0.4,1,2,4 (8,0.4) (32,0.4)
GD 4,8,16,32,64,128 0.01,0.04,0.1,0.2,0.4 (16,0.1) (64,0.1)
GS 4,8,16,32,64,128 1,2,4,8,16,32 (32,4) (64,4)

where J1 and J2 are two images, i is the pixel position, c is
the color channel in the RGB space.

However, we found that the same amount of error will cause
very different MSE values for well-exposed images and low
lighting images. For example, the intensities of a pixel in a
well-exposed image and low lighting image are 200 and 20,
respectively. If the errors are the same, for example 10%, the
MSE values will be very different (400 and 4, respectively).
The reason is for well-exposed images, because the RGB
intensities of pixels are high, small errors will lead to large
MSE values. So directly using MSE will lead to bias to
the evaluation results and the errors of well-exposed images
will have more weights. To reduce the bias, we proposed
the relative mean squared error (RMSE) as the error metric
between the ground-truth base-detail layers and the estimated
base-detail layers. RMSE is defined by

RMSE(BGT , DGT , BE , DE) = (2)
1

2

(
MSE(BGT , BE)

MSE(BGT , 0)
+

MSE(DGT , DE)

MSE(DGT , 0)

)
,

where, BGT is the ground truth base layer, DGT is the ground-
truth detail layer, BE is the estimated base layer, and DE is
the estimated detail layer. Because 1) RMSE considers errors
of both the detail and the base layers, and 2) for each layer,
it measures the relative error, i.e. the ratio of MSE(GT,E)
and MSE(GT, 0), it reduces the bias between low lighting
images and well exposed images. According to the definition
of RMSE, if the RMSE value is lower, the estimation of base
and detail layers are more accurate.

D. Algorithms and parameter settings

For an input image, we use different algorithms to smooth
it to obtain the base layers. Then, we compute the RMSE
between the filtered result and the ground-truth data. The
seven separation methods shown in Table I have parameters
to control the smoothing. In general, high values of the
parameters tend to mean coarse level smoothing. Here, we
select the best parameters for each filter to enable a fair
comparison between them. We use the same parameter value
for the whole dataset (one parameter for each dataset). The
parameters range of the filters and the optimal parameters
are shown in Table I. For GS and GD, θ1, θ2 denote window
size and σ variance, respectively. For BL, AM, DT, and RG,
θ1, θ2 denote σ spatial and σ range, respectively. For L0,
θ1 denotes λ. The parameters for the Fashionista and the
Pascal Part UCLA datasets are different, because, as described

AM DT L0 RG BL GD GS
0.3 
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0.4 

Average RMSE of all images in Fashionista

AM DT L0 RG BL GD GS
0.3 
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0.4 
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Fig. 7. Quantitative comparison of the seven separation algorithms on the
datasets (from left to right): average RMSE on the Fashionista and the Pascal
Part UCLA (over all images in the dataset).

in Sec. III-A, these two datasets used different strategies
for part annotation. The segmented parts of the Pascal Part
UCLA dataset are usually coarser than those of the Fashionista
dataset. As a result, the optimal parameters for the Pascal Part
UCLA dataset are usually larger than those for the Fashionista
dataset. The results are shown in Fig. 7. Some example results
of each method can be seen in Figs. 3, 5.

E. Analysis

We can see that most of the edge-preserving filters perform
better than the Gaussian filter (we consider the Gaussian
filter to be the classical baseline). It’s because the Gaussian
filter does not preserve edges, and the high parameters (e.g.,
the variance) lead to the smoothing results of each part
affected heavily by neighboring parts. Most of the other filters
preserve edges better than the Gaussian filter, so they have
better performance. The bilateral filter is edge-preserving and
consistent with standard intuition, so it performs better than
the Gaussian filter. The adaptive manifold filter and domain
transform filter have better performance than the bilateral filter
on average because they are flexible, and have more potential
to perform well in our datasets if the parameters are selected
carefully. The rolling guidance filter and guided filter also have
good performances in the experiments. The L0 smooth filter
makes use of gradient to separate base and detail. However, in
our datasets, the parts are segmented semantically, and areas
with large gradient do not always mean the edges of parts.
This results in poor performance.

V. CONCLUSIONS

Quantitative evaluations are fundamental to the advances
of any research field. The part level base-detail ground-truth
datasets we provide here are a necessary starting point for
extensive quantitative comparisons of the base-detail separa-
tion algorithms at the part level. We argue that, ideally, base-
detail annotation should be hierarchical, and we proposed an
intermediate solution, which is practical (i.e., ready for use)
by now and extensible in the future.
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